A new signal processing technique, wavelet spectrum analysis, is proposed in this paper for incipient bearing fault diagnostics. This technique starts from investigating the resonance signatures over selected frequency bands to extract the representative features. A novel strategy is suggested for the deployment of the wavelet centre frequencies. A weighted Shannon function is proposed to synthesize the wavelet coefficient functions to enhance feature characteristics, whereas the applied weights are from a statistical index that quantifies the effect of different wavelet centre frequencies on feature extraction. An averaged autocorrelation spectrum is adopted to highlight the feature characteristics related to bearing health conditions. The performance of this proposed technique is examined by a series of experimental tests corresponding to different bearing conditions. Test results show that this new signal processing technique is an effective bearing fault detection method, which is especially useful for non-stationary feature extraction and analysis.
Introduction
Rolling element bearings are widely used in various types of machines ranging from simple electric fans to complex manufacturing facilities. Bearing faults, in fact, are a common cause of machinery failures. Therefore, an effective bearing fault diagnostic technique is critically needed for a wide array of industries for early detection of bearing defects so as to prevent machinery performance degradation and malfunction. Several methods have been proposed in the literature for bearing fault detection, in which the analysis can be performed in the time domain [1, 2] , frequency domain [3, 4] or time-frequency domain [5, 6] . In the time-domain analysis, for example, a bearing fault is detected by monitoring the variation of some statistical indices such as a root-meansquare value, crest factor or kurtosis. A bearing is believed to be damaged as long as monitoring indices exceed thresholds; unfortunately, it is a challenging task to determine robust thresholds because they may vary in different applications.
Frequency-domain analysis may be the most commonly used approach currently for bearing fault diagnostics. Bearing health conditions are assessed by examining the fault-related characteristic frequency components in a spectrum [7] or in some extended spectral expressions such as bispectrum or cepstrum maps [8, 9] . Frequency-based techniques, however, are not suitable for the analysis of non-stationary signals that are generally related to machinery defects. Nonstationary or transient signals can be analysed by applying time-frequency domain techniques such as the short-time Fourier transform (FT) [10] , Wigner-Ville distribution [11] or wavelet transform (WT) [12] . In fault diagnostics, the WT is the most favourite time-frequency domain technique, because it does not contain cross terms such as those in the Wigner-Ville transform, and can provide a more flexible multiresolution solution than the short-time FT. According to signal decomposition paradigms, the WT can be classified as the continuous WT [13] , discrete WT [14] , wavelet packet analysis [15] , and those WT with post-processing schemes such as the singularity analysis [16] , the FT [17, 18] and the energy density analysis [19] . Even though a wavelet packet map can provide more information, it is usually difficult to explain the results especially for machinery condition analysis because most mechanical systems are usually complex in structure and operate under noisy or uncertain environment. In machinery condition monitoring, the bearing fault diagnostics is one of the most challenging tasks because it is not a simple mechanical component, but a composite system that consists of inner and outer rings as well as many rolling elements; each bearing rotary component generates a vibratory signal. The vibration signatures generated by an incipient bearing fault are usually weak in magnitude and non-stationary in nature. As a result, it is usually difficult to extract and enhance characteristic features related to bearing health conditions. The objective of this work is to develop a new signal processing technique to approach this challenge; the goal is to provide a wide array of industries a more effective technique and tool for incipient bearing fault diagnostics. The proposed technique is new in the following aspects: (1) a strategy is proposed to effectively demodulate resonance features related to bearing faults; (2) a weighted Shannon function is suggested to synthesize wavelet (coefficient) functions and to enhance feature characteristics; and (3) an averaged autocorrelation spectrum is employed to highlight bearing fault characteristic frequencies.
The rest of this paper is organized as follows. The proposed bearing fault detection technique is systematically described in section 2. A comparison study is taken in section 3 to verify the effectiveness of the proposed technique based on the experimental tests. Some concluding remarks are summarized in section 4.
The theory of the wavelet spectrum analysis
Whenever a fault happens on a bearing component, stationary and/or non-stationary impacts are generated, which excite the bearing and its support structures. As a result, resonance features are generated, which are usually buried in other high-amplitude vibration signals. In the proposed wavelet spectrum analysis technique, the first step is to demodulate these resonance features; the next step is to synthesize the resulting wavelet coefficient functions by applying the proposed weighted Shannon function; the third step is to construct the autocorrelation spectrum of the synthesized function to highlight bearing characteristic frequencies. An averaging process is taken finally in the frequency domain to eliminate some random noise related to variations in operating conditions. It should be stated that even though the analysis in this work is focused on bearing fault diagnostics, the proposed technique can also be applied for fault detection in other machinery components, such as gears and shaft systems.
Determination of wavelet functions
For a rolling element bearing, usually the defect occurs on the fixed ring race first because the fixed ring material is subjected to more dynamic load cycles. Consider a general bearing with a fixed outer ring, and suppose that a defect (e.g., a fatigue pit) has happened on the outer ring race. Each time a rolling element rolls over the pit, an impulse is generated due to the impact. This impulse excites vibration resonance of the bearing and the surrounding structures. In theory, the excited transient modes due to an outer race defect do not vary because the defect angular position remains the same as each impact occurs, as long as there exists no slip among the bearing components. On the other hand, for a rolling element fault or an inner race defect, the generated impulse transient modes may change in properties because the impact occurs at a different angular position as the bearing components rotate. As a result, the magnitudes of the impulse transients and the excited resonance modes vary over time. Therefore, it is more suitable to apply the WT that has a better time resolution at high frequencies than at low ones [20] , to decompose these resonance features.
Given a time signal x(t), the wavelet coefficients are determined by
where w * (t) denotes the complex conjugation of mother wavelet function w(t); s and t are the scale and time variables, respectively, which produce dilation and translation [12] . The choice of an appropriate mother wavelet depends on the signal itself and the purpose of the analysis. In bearing fault detection, the interest is to analyse the resonance features induced by a localized bearing fault. Therefore, a mother wavelet should possess a similar characteristic as in a faultrelated transient. Through a series of tests and comparisons of the generally used wavelet functions, it has been found that the Morlet wavelet gives superior results in this application, which is a modulated Gaussian function [12] 
where b 0 is the spread of the Gaussian function and f 0 is the wavelet centre frequency. Given a basic wavelet, the following admissibility should be satisfied,
where W (f ) is the FT of w(t).
Because w(t) decays over time, the admissibility (3) is equivalent to the requirement +∞ −∞ w(t) dt = 0 [20] . Strictly speaking, the Morlet wavelet does not satisfy this zero-mean requirement. However, the mean can become infinitely small if the term b 0 f 0 is sufficiently large. As b 0 f 0 increases, the duration of the wavelet expands, and the time resolution will decrease correspondingly. As a result, the obtained mother wavelet w(t) may not be appropriate for localizing fastdecaying transient signatures. Based on the above reasoning, the product of the spread and the scaled centre frequency is kept as a constant in this work, that is,
where 2πb 0 f 0 = π √ 2/ln 2 was given in [21] ; s i represents the ith selected scale; b i and f i are, respectively, the corresponding ith spread and centre frequency. Based on the relation between b i andf i as in (4), the mean of the obtained mother wavelet w(t) remains at a level as low as 10 −12 , and the effective support will vary with the scaled centre frequency to accommodate the variation of the signatures of interest.
The FT of the mother wavelet w(t) in (2) is given by
Thus, the FT of the dilated wavelet w(st) is
For the chosen mother wavelet, the following equation holds, w * (−st) = w(st). Therefore, (1) can be implemented by using
where
and W s (f ) is given by (6) . In the implementation of (7),
is calculated for all values of the scale variable s.
The strategy for locating wavelet centre frequencies
In order to implement the WT over a designated frequency band, a proper deployment of centre frequencies of the wavelet is required. Based on (6), the 3 dB bandwidth, BW i , for the ith centre frequency f i is derived as
2π is a constant. The overall frequency band of the interest can be chosen as [Nf t , f s /2.56], wheref t is the shaft speed, N is the order of shaft harmonics to be considered, f s is the sampling frequency, and the constant 2.56 is related to the power of 2. In order to reduce the interference effects from the shaft harmonics, N should be sufficiently large (e.g., N = 35 in this work). Beginning with the lower bound frequency Nf t , the centre frequencies can be recursively calculated by
where m is the number of selected scales. The bandwidth between f m−1 and the upper bound frequency f s /2.56 may be smaller than the 3 dB bandwidth off m , thus a middle point is utilized in (10).
A weighted Shannon function for synthesizing wavelet coefficient functions
Once wavelet coefficient functions for a cascade of dilated wavelets are obtained, the next step is to properly synthesize these coefficient functions for a low-dimension feature representation to facilitate real-time monitoring applications. In this work, a new technique is proposed, based on an extended Shannon entropy function, to synthesize the resulting wavelet coefficients among different bands. The Shannon entropy in information theory is a measure of the degree of the uncertainty associated with a random variable. In this study, a modification is made to this function in order to highlight the fault-related features and to minimize the interference information,
where i = 1, 2, . . . , m; k = 1, 2, . . . , n; n is the number of discretized points of signal x(t); β is the selected logarithm base that may vary from 2 to 10 (β = 2 in this study); and the normalized wavelet coefficient W T x (t k , s i ) is given by
where σ i represents the spread of |W T x (t, s i )|. This technique highlights the coefficients W T x (t, s i ) whose magnitudes are larger than βσ i , and diminishes the others. The high magnitudes of coefficients, namely the faultrelated features, are derived from the resonance signatures that closely 'match' the dilated wavelets. Usually, the faultrelated features can be reflected over several wavelet bands. Therefore, the synthesis of these wavelet coefficient functions by applying the extended Shannon function can integrate the contributions from different frequency bands and enhance the fault feature characteristics. The criterion for determining such a contribution depends on the selection of the logarithm base β; a wavelet coefficient with a magnitude larger than βσ i is considered as a contribution to the feature extraction process.
Because the effect of the WT on the feature extraction differs from one centre frequency to another, an appropriate indicator is needed to represent such an effect.
The characteristic defect frequency of a bearing is usually carried by resonance features generated by the impact as a rolling element encounters a defect. However, similar types of features may also be generated by other vibratory sources such as inherently varying compliance, misalignment and imbalance. When applying the WT to process the overall vibration signal from a faulty bearing, the coefficients |W T x (t, s)| obtained from the non-defect-related resonance signatures (or noise) usually exhibit the characteristics of lower amplitude and longer duration (counting for the major part of the total energy). On the other hand, the WT coefficients from the defect-related resonance signatures usually exhibit the characteristics of higher amplitude but with a much shorter duration (accounting for a minor part of the overall energy). Fault detection is to extract the representative features related to machinery health conditions, from a collected signal. From a signal property standpoint, if a bearing is damaged, the magnitude distribution of the wavelet coefficients should have a longer tail, which indicates that fault-related features buried in the resonance signatures have been enhanced. Therefore, the effect of a dilated wavelet (with a varying centre frequency) to the feature extraction can be characterized by a skewness measure of the probability distribution function (pdf) of the resulting wavelet coefficients, that is, where E[·] denotes the expectation function, µ i and σ i represent the mean and the spread of |W T x (t, s i )|, respectively. The suggested index γ i is employed to measure the capability of the WT in extracting fault-related features, which can be implemented into the extended Shannon function (11),
Averaged autocorrelation spectrum
The proposed autocorrelation spectrum analysis represents two processes: autocorrelation for the synthesized wavelet coefficients H (t) to enhance the involved periodic features, and spectral analysis (FT) for periodic feature extraction. Specifically,
where l is the lag index and F [·] denotes the FT. Autocorrelation spectrum is defined as
In implementation, an averaged spectrum, over five segments of measured signals, should be used in order to eliminate random noise. The proposed techniques are implemented in MATLAB environment. Using a Pentium IV computer (with 1.8 GHz and 512 MB RAM), the total computational time is around 3.25 min for one segment of vibration signature (491 520 sample points). Bearing health conditions are estimated by analysing the related characteristic frequency components of the resulting spectrum, as illustrated in the next section.
Performance evaluation
The proposed wavelet spectrum analysis technique will be applied in this section for bearing fault detection, although it can also be used for fault detection in other machinery components such as gears and shafts. Its performance will be compared with several related classical methods, such as the one-scaled WT [17] , the envelope analysis [7] and the maxenvelope approach [18] . In the max-envelope approach, only the maximum wavelet coefficient is selected as the resultant value.
Experimental setup and measurement
In order to verify the effectiveness of the proposed technique in bearing fault detection, a large number of tests has been conducted. The experimental setup employed for the tests is shown in figure 1 . The system is driven by a 3-hp induction motor, with the speed range from 20 to 4200 rpm. The shaft rotation speed can be controlled by a speed controller. An optical sensor is used for shaft speed measurement. A flexible coupling is utilized to damp out the high-frequency vibration generated by the motor. Two ball bearings are fitted in the solid housings. Accelerometers are mounted on the housing of the tested bearing to measure the vibration signals along two directions. Considering the structure properties, the signal measured vertically is utilized for analysis in this work, whereas the information of the signal measured from the horizontal direction is used for verification. The static load is applied by two disks, and a variable load is applied by a magnetic brake system through a bevel gearbox and a belt drive. A data acquisition board (NI PCI-4472) is employed for signal collection, which has built-in anti-aliasing filters with the cut-off frequency set at half of the sampling rate.
In the tests, ball bearings of type MB ER-10K are utilized. Four bearing health conditions are considered: healthy bearings, bearings with outer race defects, bearings with inner race defects, and bearings with rolling element faults. Three sets of faulty bearings with different fault sizes are prepared. The fault types and the corresponding fault dimension (in diameter) are listed in table 1. Each bearing is tested under seven different shaft speeds (900 rpm, 1200 rpm, 1500 rpm, 1800 rpm, 1920 rpm, 2100 rpm and 2400 rpm) and two load levels (1.2 Nm and 2.3 Nm), respectively. When a bearing is running at a specific shaft speed and load level, five segments of vibration signals are collected at a time interval of 2 h, and the time span for each measurement is 24 s. Based on the comprehensive investigation, the proposed technique has demonstrated its superiority to other three classical techniques.
A few examples from two study cases (cases I and II) are given in the following section to illustrate the examination results, where case I refers to bearings in SET 1 operating at shaft speed 32 Hz with load 1.2 Nm, and case II represents bearings in SET 2 operating at shaft speed 40 Hz with load 2.3 Nm.
As stated in section 2, the bearing fault is diagnosed by examining the related characteristic frequencies and their harmonics. For a bearing with a fixed outer ring, the characteristic frequency for an inner race defect [8] is
where Z is the number of rolling elements, d is the rolling element diameter, D is the bearing pitch diameter, α is the contact angle (α = 0 in this case) and f t is the shaft speed. The characteristic frequency for a rolling element defect is
The characteristic frequency for an outer race defect is
For the tested bearings (MB ER-10K) with fixed outer races, if the shaft speed is f t = 32 Hz, for example, the characteristic defect frequencies are f od = 97.67 Hz, f id = 158.33 Hz and f ed = 127.48 Hz. Likewise, if the shaft speed is f t = 40 Hz, the characteristic defect frequencies are f od = 122.09 Hz, f id = 197.91 Hz and f ed = 159.34 Hz.
Performance evaluation
In the following comparison study, the envelope analysis is applied to the signal bandpass filtered around the system's resonant frequency [7] , [1500 2500] Hz, while the one-scaled WT is performed with the centre frequency at 2000 Hz, the middle of the system's resonant frequency band. In implementing the proposed technique, N is chosen to be 35 to reduce the effects from the shaft harmonics, and the frequency band for the proposed technique is designated as [1000 8000] Hz in which the upper bound frequency is computed from f s /2.56. Figure 2 shows parts of measured vibration signals at shaft speed 1920 rpm with the sampling frequency 20 480 Hz. Figure 3 plots some examples of the synthesized wavelet coefficients H (t) corresponding to different bearing health conditions. It can be seen that the bearing condition-related features are extracted from those weak vibration signatures. In figure 3(a) , for a healthy bearing, the features that are related to the shaft rotation speed (power input) are extracted. The consecutive features are spaced by an interval of 640 sample data, or with the repetition rate of 32 Hz for a 20 480 Hz sampling frequency; this characteristic defect frequency can be accurately obtained by calculating the averaged autocorrelation spectrum from the synthesized wavelet coefficients, which is discussed in the following section. It is also seen that the features from outer race defects are stationary and easy to extract, as clearly shown in figures 3(b) and (c). However, as seen in figures 3(d)-(g), extracting the representative features from inner race defects or rolling element defects is very challenging; the features are nonstationary, and the magnitudes of the features vary significantly due to the nature of the corresponding bearing faults. It is also worth mentioning that for a ball bearing, the defect on a ball encounters the inner/outer race randomly; correspondingly, it is necessary to take a sufficient time period in data collection; in this work, the time span for each measurement is 24 s.
Healthy bearing.
Bearing components generate vibratory signals that are related to the speed of shaft rotation (the power input). Figure 4 shows the processing results for a healthy bearing by using the related data analysis techniques. It is seen from figure 4(a) that, based on the proposed wavelet information can be used not only as a health indicator of the bearing of interest, but also as a digital encoder in system condition monitoring and control applications. This shaft speed indicator can also be recognized on the maps from the max-envelope approach (figure 4(b)), even though its resolution is lower than in figure 4(a) due to the presence of some other spectral components. The results from the one-scaled WT ( figure 4(c) ) and the envelope analysis ( figure 4(d) ), however, may lead to an incorrect diagnosis (i.e., a false alarm) because the third harmonic of shaft speed (96 Hz) is very close to the outer race defect characteristic frequency (f od = 97.67 Hz).
Outer race fault detection.
If the bearing is damaged, in theory, the corresponding characteristic defect frequency and/or its harmonics appear in the spectrum. As stated earlier, outer race fault detection is a relatively easier task because the defect resonance modes do not change dramatically. Figure 5 shows the processing results in test case I using the related techniques. It is seen that each technique can detect the presence of this bearing fault, but the proposed wavelet spectrum analysis ( figure 5(a) ) and the max-envelope approach (figure 5(b)) provide more positive fault detection information in case I because of their feature enhancement effects. It is also seen that the spectral component related to shaft speed disappears in this case because its spectral magnitude is much lower than the defect frequency components. In addition, the second harmonics of the defect characteristic frequency are highlighted in case I by the one-scale WT ( figure 5(c) ) and the envelope analysis ( figure 5(d) ), respectively. Figure 6 shows the processing results corresponding to test case II. Similar comparison results can be reached as those in figure 5 .
Inner race fault detection.
As discussed in section 2, the detection of a fault on an inner race and a rolling element is more challenging than on a fixed ring because the modes of the generated impulse resonance features vary over time. Figures 7 and 8 show the processing results corresponding to the bearing signals with inner race defects. The In general, 42 different test cases (3 fault dimensions, 7 shaft speeds and 2 load levels) have been examined. Also in each case, three bearing fault conditions are considered: an outer race defect, an inner race defect and a rolling element defect. Based on this comprehensive investigation, it is found that it is usually difficult for classical methods to clearly recognize characteristic defect frequencies from complex and non-stationary features such as those generated by a bearing incipient inner race defect or an incipient rolling element fault. The proposed wavelet spectrum technique is superior in this aspect to the related classical techniques for bearing fault diagnostics due to its feature enhancement characteristics.
Conclusion
A new signal processing technique, wavelet spectrum analysis, has been proposed in this paper for incipient bearing fault diagnostics. A novel strategy is suggested for the deployment of wavelet centre frequencies. To enhance feature characteristics, a weighted Shannon function is proposed to synthesize the wavelet coefficient functions obtained over the designated frequency bands, whereas the applied weights are from a statistical index to quantify the effect of wavelet centre frequencies on the feature extraction. An averaged autocorrelation power spectrum is adopted to highlight bearing characteristic features in the spectrum. A series of experimental tests corresponding to different bearing health conditions have demonstrated the superior capability of the proposed wavelet spectrum technique to the related classical bearing fault detection methods, especially in the aspect of non-stationary feature extraction and analysis.
